Introduction
The seminal study of Archibald E. Garrod (1902) published more than 100 yr ago on alkaptonuria, an "inborn error of metabolism," opened the way to link biochemistry and genetics that was subsequently summarized in the theory of "one gene-one enzyme" by Beadle and coworkers (Beadle and Tatum, 1941) . In these pioneering studies, a few metabolites (the biochemical substrates or products of enzymatic reactions) were used as markers "of extreme examples of variations of chemical behaviour" (Garrod, 1902) .
Several extreme cases of variants affecting biochemical substrates or products have been also described in livestock. For example, the fishy off-flavor in cow's milk and the fishy taint in chicken eggs are due to elevated levels of trimethylamine (TMA), caused by different mutations in the same gene (flavin-containing mono-oxygenase 3; FMO3) that in humans is responsible for the trimethylaminuria or fish-odor syndrome (OMIM #602079; Dolphin et al., 1997; Lundén et al., 2002; Honkatukia et al., 2005) .
However, despite extreme examples available in all organisms, we now know that most metabolites show a wide and continuous range of variations among individuals (derived by their genetic background) and environmental conditions (explained by GXE interaction) that is the foundation of clinical monitoring and marker discovery in health and disease states.
Even if many developments occurred in defining metabolic differences and identifying key biochemical mechanisms affecting important phenotypes, we are still far away from obtaining a complete characterization of all metabolites produced in complex biological systems, i.e., a complex organism like an animal or a plant, in many different conditions (Patti et al., 2012) . This picture (even if preliminary and not complete) is called the "metabolome," a term introduced by Oliver et al. (1998) to indicate the set of organic molecules of small molecular mass found in a biological media and produced by many different biochemical pathways during many different biological processes. Metabolites can be classified as endogenous metabolites (produced directly by the organism) and xenobiotics (chemical compounds that are present in an organism, but not produced directly by its metabolism or derived by foreign molecules that could be transformed in part in the organism, like drugs, drug metabolites, environmental compounds such as pollutants, etc.; Junot et al., 2014) . Endogenous metabolites can be divided in primary metabolites (e.g., sugar phosphates, amino acids, nucleotides, and organic acids) and secondary metabolites (derived by primary metabolites, like small hormones, lipids, phytochemicals, etc.). Based on these classifications, it could be possible to consider as a metabolite any metabolism-originated organic compound that does not directly come from gene expression (Junot et al., 2014) .
Metabolomics is the emerging field of metabolome analysis that identifies, quantifies, and characterizes ideally all metabolites in a biological sample in a single experimental process (Adamski and Suhre, 2013) . Metabolomics is a multidisciplinary approach that combines analytical chemistry to obtain raw chemical data with disciplines for data mining and data interpretation that includes biostatistics, biochemistry, and bioinformatics.
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Implications
Metabolomics is the emerging field of metabolome analysis that identify, quantify, and characterize a large number of metabolites in biological samples (e.g., milk, plasma, and serum), providing interesting insights into the so called intermediate phenotypes that lie in the middle between the genomic space (or level) and the final or external phenotypes, that in livestock might be production traits such as growth rate, milk production, fat deposition, and other economic relevant traits.
• Metabolomics applied to animal breeding might become a cornerstone of the "next generation phenotyping" approaches that are needed to refine and improve trait description and, in turn, to improve prediction of the breeding values of the animals to cope with traditional and new objectives of the selection programs.
• Integration of metabolomics with livestock genomics has been presented in just few studies with promising perspectives.
• Genome-wide association studies with metabotypes (mGWAS) described thus far in cattle and pigs have linked genomic variability with metabotype levels in relevant biofluids.
• Network reconstruction methodologies based on systems genetics concepts have been applied to disentangle the complexity of metabolomics information and linking metabolomics with other omics data.
• New and conventional traits and related genetic architecture could be better defined using metabotypes opening opportunities for novel applications in animal breeding.
the so called intermediate phenotypes (Fiehn, 2002; Houle et al., 2010) that lie in the middle between the genomic space (or level) and the final or external phenotypes (Fig. 1) . In animal breeding, external phenotypes can be considered traits of economic relevance (e.g., growth rate, milk production, and fat deposition). Thus, in this context, the challenge is to use metabolomics to generate metabolic phenotypes (or metabotypes), considered intermediate phenotypes, to obtain useful information to understand the biological processes leading to economically relevant traits in animal production. These traits could be conventional production traits or new traits that could not be explored using traditional approaches. Metabotypes can be used as predictors of more complex phenotypes or phenotypes that can be only analyzed late in the productive life of the animals or that are difficult to be measured. Metabotypes can also be integrated with other omics-generated information (e.g., transcriptomics and proteomics), to complete the description and the dissection of complex traits. In this review, I shortly summarize how metabolomic information can be produced and interpreted. Then, I present a few ways in which metabolomics has been matched with genomic information with an overview of the perspectives of integration between metabolomics and genomics in animal breeding.
Metabolomics Platforms and Metabolomics Data Analysis
High-throughput analytical systems that can detect a broad spectrum of chemical features are essential to describe a metabolome in multiple samples, as requested for the analysis of many individuals (as usually needed in genetic studies). Optimal bioanalytical techniques should be robust and precise and might obtain reproducible data, covering all biochemical species present in the target biosystems with high sensitivity and in a cost effective manner. A technique with all these features is not available at present. Therefore, compared with other omics approaches, i.e., genomics and transcriptomics, metabolomics has a technology gap that is preventing the obtaining of a complete and precise readout of the whole metabolome. This is mainly due to the intrinsic higher heterogeneity of the metabolites and, in many cases, to the high instability of many molecular species. However, recent advances in bioanalytical approaches based on mass spectrometry (MS), high-performance liquid-phase chromatography (HPLC), and nuclear magnetic resonance (NMR) spectroscopy provide the analytical platforms (with different pros and cons) that can measure a large number of metabolites in many different samples. These techniques might produce information useful for the chemical identification and quantification of the metabolites. We can distinguish targeted metabolomics from untargeted metabolomics approaches (Table 1) .
Using untargeted approaches, produced raw data constituted by many different peaks (MS) or spectra (NMR) are extremely complex for which manual inspection and interpretation is impractical and complicated by several analytical problems, i.e., data alignment and spectral deconvolution (Alonso et al., 2015) . Specific metabolomics software and tools and databases have been 
Examples of analytical platforms GC-MS, LC-MS/MS and flow-injection analysis MS/MS NMR and LC/MS Number of metabolites analyzed simultaneously
Usually 20-50 (maximum up to 150-200) Up to 1500-2000
Hypothesis driven approach
Useful when the enrichment of preselected metabolites is considered enough to describe the biological condition that the metabolomics analyses would like to explore Free-hypothesis approach that is open to new discoveries providing an unbiased exploratory analysis
Quantification features
Better reproducible quantification (usually absolute) of the biochemical molecules with a higher throughput Semi-quantitative or relative determination of the metabolites developed to overcome these problems, improving the chemical identification of the analytes (Ellinger et al., 2013; Alonso et al., 2015; Johnson et al., 2015) . However, many metabolites detected in untargeted metabolomics experiments remain uncharacterized with respect to their structure and function. In addition to analytical limits, this is also due to the fact that the metabolisms of many different organisms are much more complex than would be expected from what is generally described on the basis of classical biochemical pathways (Patti et al., 2012) .
Depending on the experimental design or question that should be answered, metabolomics data can be explored using appropriate statistical methods (reviewed in Ren et al., 2015) . For example, supervised multivariate approaches can be the basis for building prediction models (Alonso et al., 2015) .
To extract information from metabolomics data, pathway and network analyses should be applied. Pathway analysis relies on previous and curated knowledge on groups of metabolites that are linked to each other through subsequent enzymatic reactions. Biological pathways are organized in dedicated databases such as the Kyoto Encyclopedia of Genes and Genomes (KEGG; Kanehisa et al., 2014) among other databases. Pathway data analysis in metabolomics is based on metabolite set enrichment analysis (MSEA; Xia and Wishart, 2010) , which derives from a methodology developed for gene set enrichment analysis (GSEA) mainly used in genomics and transcriptomics (Tárraga et al., 2008) . Network analyses are based on correlations between metabolites, as observed in the produced data of a specific condition or experimental design. The correlation-based methods can identify new relationships among metabolites as they are hypothesis free in terms of link construction. Partial correlations among metabolites can distinguish direct from indirect relationships as biochemically defined by being closely positioned or not closely positioned, in the same pathway or biological mechanism. Prior biological information can also be integrated in network analyses to further improve result interpretation (Alonso et al., 2015) .
Metabolomics Applied in Livestock Genetics and Genomics
Metabolites can be considered internal phenotypes or molecular phenotypes very close (but not too much) to the genetic makeup of the animals (Fig. 1) . The position in which this intermediate information is placed may help to understand the biological processes underlying genetic differences among animals and can provide insights for novel applications in animal breeding, linking physiology, and genetics. This is the real novelty in using metabolomics that needs new methodological approaches that should be inserted into conventional genetic approaches.
Advantages that metabolomics can get from studies in livestock are that in farm animals it is possible to sample biofluids or tissues that cannot be easily or routinely obtained in humans (e.g., milk in dairy species, muscle, or other tissues collected after slaughtering of meat species) and that environmental factors (e.g., feeding, housing, etc.) can be controlled more easily in animals than in humans. On the other hand, standard operating protocols during the sampling and preparation steps of specimens for metabolomic analysis are more difficult to design in field studies.
Metabolomic approaches in livestock genetic studies have been designed to extract relevant metabotypes or biomarkers to specific questions that have been asked. According to the questions that have been placed, we could classify these studies using the general definitions of "top down" and "bottom up." The former assumes that unknown genetic differences between groups of homogeneous animals, defined according to the hypothesis that is investigated, may produce metabolomic differences that are used to understand the level and nature of the genetic differences that should be at the basis of the starting questions. For example, comparisons between breeds or lines (raised in the same environmental conditions) indirectly assume that genetic factors might produce metabolome differences. Genetically derived factors in females and males may lead to metabolome differences between sexes. Other similar studies include metabolomic investigations in cases and controls or in extreme divergent groups of animals for a specific external phenotype (i.e., production trait or disease resistance parameter). The bottom-up approaches try to describe metabolomes (integrated or not with genomics information or with other omics information) to predict external phenotypes or to construct biology driven hypotheses. For example, the studies that define the extent of variability of the level of metabolites controlled by genetics (i.e., heritability) can be considered the starting point that may discriminate relevant metabolites from a genetic point of view. Metabolomic information obtained earlier in animals has been used as predictor of final traits that could be measured late in life. Genome-wide association studies with metabotypes (mGWAS) are starting to directly link genomic variability with metabotype levels in a relevant biofluid or tissue. Network reconstruction methodologies based on systems biology concepts have been applied to disentangle the complexity of metabolomics information and linking metabolomics with other omics data. A summary list that includes studies that applied metabolomics to answer genetic questions in different livestock species is reported in Table 2 .
Metabolomics + genomics: mGWAS & Co.
It is clear that, in addition to inborn errors of metabolism described also in farm animals, for which disrupting mutations have been reported, many other genetic variants might affect the level of many other metabolites in livestock, leading from minor (even if detectable) to relevant modifications of metabolomic profiles. We can define these metabolites as genetically influenced metabotypes or GIM (Suhre and Gieger, 2012) . In humans, several metabolite-based genome-wide association studies (mGWAS) have demonstrated that, in most cases, markers in genes encoding enzymes, transporter, or other related proteins are associated with variability of the level of one or more metabolites (usually of the same family or included in the same pathway) in targeted biofluids (reviewed in Suhre and Gieger, 2012; Kastenmül-ler et al., 2015) . In this way, it is possible to identify a direct link between the function of a gene and the metabolites, even if the functional interpretation of the results could be complicated by the "level" in which this metabolomic information is placed, after gene expression and protein production (Fig. 1) . These variants usually explain a high fraction (10-30%) of the observed genetic variance for the detected metabotype and are associated also with more complex diseases (but not as strongly as for the specific metabotypes), providing information to understand their etiology. Opportunities can be provided by mGWAS for the deorphanization of uncharacterized metabolites or metabolite features (in untargeted metabolomic analyses) as associated genes already characterized might contribute to disclose of their biochemical features (Rueedi et al., 2014) . On the other hand, mGWAS might have the potential to deorphanize genes in terms of attribution of possible functions based on their association with characterized metabolites.
In livestock, population-based mGWAS have been reported so far in performance-tested pigs, using targeted metabolomics on plasma (Fontanesi et al., 2014 (Fontanesi et al., , 2015 , and in dairy cattle, using untargeted metabolomics on milk (Buitenhuis et al., 2013) . Significant markers were reported even if a lower number of individuals were analyzed compared with to common GWAS performed in humans. This might be due to the fact that, in animals, it is usually easier to control environmental factors or to identify the potential sources of variability to be included in the models. These first results confirm the promising opportunities that metabotypes can open when integrated with genomics. That is, information useful to dissect traditional production traits or to describe new traits close to the metabolism of the animals can be obtained. In particular, in pigs, the level of several circulating plasma nutrients were associated with specific genes explaining a relevant fraction of the genetic variability of these metabotypes, creating new possibilities to design nutrigenomics approaches (Fontanesi et al., 2014 (Fontanesi et al., , 2015 . In the mGWAS performed on Holstein milk, genome-wide significant associations were reported for eight metabolites. Other 21 chromosome-wide significant associations for 14 metabolites were also reported (Buitenhuis et al., 2013) . Some of these results identified genes whose function might be indirectly related to the associated metabotype, whereas for others, it is not clear from the known function of the associated gene (the closest to the significant markers) what could be the gene-metabolite relationship, suggesting that milk mGWAS could have identified previously undescribed gene functions. For the potential practical applications of the level of glycerophosphocholine as a biomarker for ketosis resistance (Klein et al., 2012) , it is interesting to mention the significant association between this metabolite and markers on bovine chromosome 25 (Buitenhuis et al., 2013) . In another GWAS that was performed for the milk levels of phosphocholine, glycerophosphocholine, and the ratio of both metabolites, Tetens et al. (2015) , in a limited number of samples (e.g., 248 animals), identified variants in a gene (apolipoprotein receptor B, APORB) on the same chromosome 25, that were associated with two of these parameters (glycerophosphocholine and the ratio), confirming to some extent and refining results from the mGWAS of Buitenhuis et al. (2013) .
In addition to mGWAS including many metabolites, other experimental designs to obtain information on milk metabolomic profiles or single metabolite levels in association studies have been performed using single markers (e.g., a single marker vs. many metabolites) or many markers (e.g., 50SNP chip vs. one or few metabolites).
For example, an association study between the bovine DGAT1 K232A polymorphism and milk lipid and serum metabolome compositions contributed to understanding the basic biological mechanisms affected by this muta- Table 2 . Genetic questions investigated using metabolomics in livestock. 1 Only studies that used metabolomic approaches are listed. Other related studies are discussed in the text. 2 Indirectly used to identify relevant SNPs.
tion . The GWAS described by Poulsen et al. (2015) reported a gene (SLC52A3, a riboflavin transporter gene) associated with the level of riboflavin (vitamin B 2 ) in milk of Danish Holstein and Danish Jersey cows. Ha et al. (2015) described a GWAS for non-esterified fatty acid (NEFA), β-hydroxybutirate (BHBA), and glucose in bovine milk (considered as indicators of metabolic adaptation of the cows) measured at different lactation points. The study was adapted considering gene enrichment approaches that substituted conventional single-marker analyses. In this way it obtained information on genes and related pathways that might contribute to explain the metabolic adaptability of dairy cows in their early lactation (Ha et al., 2015) . A family-based QTL analysis for targeted serum metabolomic profiles was reported in male F2 individuals from a Charolais X German Holstein resource population (Widmann et al., 2013) to refine a previous study that described the metabolomic effects of two causative mutations (NCAPG I1442M and GDF8 Q204X) modulating pre-and post-natal growth in cattle (Weikard et al., 2010) . These studies reported that the NCAPG I1442M mutation might affect growth at the onset of puberty in cattle contributing to vascular smooth muscle contraction indirectly regulated by effects on the NO pathway via modulation of arginine metabolism. The physiological annotation of the whole biological mechanism driven by the NCAPG I1442M mutation was inferred through a hypotheses-free approach merging conventional growth trait data, metabolomics, and genomics, providing a physiological role of the uncharacterized functions of the NCAPG protein using a systems biology-based approach (Widmann et al., 2013; Kühn et al., 2014) .
Systems biology and systems genetics: integration of metabolomics in animal breeding
The complexity of the biological systems requires unconventional approaches to describe the interactions among the different levels of biological information and their dynamics (Fig. 1) . Systems biology aims at obtaining a holistic view of complex traits (e.g., production traits) by perturbing the system and monitoring the responses, collecting and analyzing the multi-level data, and formulating hypotheses describing the whole process with mathematical models (Kitano, 2002) . Systems genetics is a part of the systems biology in which the perturbing elements are the genetic variants within a population. Interactions between levels can be represented using networks in which molecules and genes or variants are represented by nodes and their relationships as edges (Civelek and Lusis, 2014) . Networks might be constructed using already established information (e.g., metabolic pathways) or from novel relationships inferred from the produced data using various algorithms (Marbach et al., 2012) . Systems genetics is useful to describe the general architecture of production traits (Kadarmideen et al., 2006) in which metabolomics data represent the intermediate level in a three-level model (genetic level including polymorphism data, metabolomic level, and the production trait level) that indirectly captures, at least in part, information from the missed intermediate levels. For example, metabolomics measured in the host can capture metabolites produced by the rumen or intestine microbiota (e.g., Morgavi et al., 2015) . It is clear that missed information might produce approximations, one of which could be due to phenotypic buffering (Fu et al., 2009) , that is even if differences are evident at one level (e.g., gene expression), these differences are not transmitted to another level (e.g., proteins or metabolites). This could be an advantage if metabolites are included, as they represent a level close to the final phenotypes (e.g., the production traits) that are important in animal breeding. This three-level approach can potentially be implemented in practice to understand the biological architecture underlying complex traits, as described by Widmann et al. (2015) for feed efficiency in cattle. In addition, it could be used to improve the genetic evaluation of the animals, as the other intermediate levels (e.g., gene expression and protein expression) are usually more difficult (and in most cases more expensive) to be produced on large scales that are needed to obtain population-wide information. It is usually easier to collect blood or milk samples on a routine scale for metabolomic analyses than to collect tissues in living animals for gene expression analyses.
A preliminary attempt to indirectly include metabolomic information in genomic selection for the prediction of traditional milk traits in dairy cows has been reported by Melzer et al. (2013b) . Milk metabolite profiles were only used to preselect a reduced SNP subset enriched of important SNPs regarding an investigated milk trait (Melzer et al., 2013b) . However, the potential advantage of metabolomic information (but also the challenge) would be to add metabolomic data to SNP-based genomic prediction approaches or even to integrate conventional phenotypic data in genomic selection programs. This integration would be useful if the prediction accuracy was limited by the small number of phenotyped animals in the training populations, when trait heritability is low, when it is needed to refine a target phenotypic trait, and when it could be important to approximate a trait that cannot be precisely and directly measured on the animals, such as disease resistance, requiring that animals are challenged with the pathogens. A first attempt to integrate genomic and metabolite information with predictive value was reported by Ehret et al. (2015) who source: © 2015 Stock.Adobe.com/brianholm described predictive models for subclinical ketosis risk in about 200 cows by merging SNP information and the concentration of a few milk metabolites already described to be associated with this defect in dairy cattle.
Based on the results of these first works, it is clear that the integration of metabolomic information in genomic-based predicting models and eventually in genomic selection approaches might require additional methodological advancements.
Conclusions
Metabolomics applied to animal breeding might become a cornerstone of the "next generation phenotyping" approaches that are needed to refine and improve trait description and, in turn, prediction of the breeding values of the animals to cope with traditional and new objectives of the selection programs. New and conventional traits and related genetic architecture can be defined using metabolomic information opening opportunities for novel applications in animal breeding. For example, nutrigenomics in livestock can be based on the integration of metabolomics information on particular metabolites (that are also nutrients) and genomics. Biomarkers of particular physiological states or predispositions of the animals can be used to breed more robust animals. At present, metabolomics has been applied only to deal with genetic questions in a few species (e.g., cattle, pigs, and chickens). Applications are expected also in other livestock species, as soon as the advantages are clearly demonstrated to answer their specific biological questions and to add value to their breeding objectives. Practical problems in collecting samples and implementing appropriate experimental designs should be also considered, according to the sensitivity of metabolomic profiles to environmental conditions. On the other hand, the limitation of the metabolomic platforms currently available that can detect and measure a fraction of all possible metabolites present in a biofluid represents a misalignment with what is possible to do with genomics technologies. However, advancements in this field are expected, moving the bottleneck on the interpretation and use of metabolomic information in animal breeding and genetics for which new methodological developments will contribute to better define holistic approach in the omics era.
